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ABSTRACT
Older adults tend to under-utilize digital technology and online services that can yield
substantial benefits to their health and wellbeing. Addressing this problem requires
determining robust and consistent predictors of older adults’ technology use. Also, few
studies have examined older adults who are elite users of digital technology, who may
provide insights into how individuals can prepare to become competent users of future
technologies as they age. To address these gaps in the technology and aging literature,
this dissertation offers (1) large-scale machine learning analyses, (2) longitudinal
perspectives, (3) age group comparisons across the adult life span, (4) the novel
recruitment of elite, older users of digital technology, and (5) the development and
validation of a technology use scale focused on current innovations. In Study 1, data from
the Health and Retirement Study were used. Machine learning classified Internet users
versus non-users with an accuracy of ~80%. Across a 14-year span, results largely
supported current models of aging and technology use. Age, cognition, and
socioeconomics emerged as the most robust and consistent predictors of Internet use from
competition with hundreds of variables. In Study 2, the outcome variable was expanded
to include nine domains of technology use. Elite, older users exhibited many markers of
successful aging, including higher levels of cognition, socioeconomics, and self-efficacy.
Across studies, results suggested that skills needed to engage with technology at a basic
level differ slightly from those needed to reach higher levels of technology use.
Specifically, poor episodic long-term memory may pose a barrier to basic technology use
among older adults (e.g., assessing the Internet), while better short-term memory is
required to achieve elite-level technology use. These results highlight the potential value
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of exposure to new technology at a younger age – when there are fewer barriers of entry
(e.g., cognitive limitations) and a foundation of technology use principles can be
developed and built upon across adulthood.
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CHAPTER 1: GENERAL INTRODUCTION
Digital technology has been widely diffused throughout society in industrialized counties,
as people are shifting online to work, socialize, and shop. Despite the ubiquity of online
services, a quarter of older adults still do not use the Internet (Pew Research, 2021b).
This is consistent with the age-related “digital divide” – the long-standing observation
that older cohorts tend to fall behind younger cohorts in the adoption of innovation
(Rogers, 2010).

The age-related digital divide is problematic because it enacts barriers to the utilization of
online services that can benefit one’s quality of life. For example, telehealth is
particularly useful for older adults, who are generally in need of more medical attention
but are also more likely to experience mobility restrictions. Telehealth is a solution that
eliminates the commute to the clinic and reduces wait time, allowing for consultations at
home. Although the potential benefit of telehealth may be the greatest for older adults,
they have been the least likely to adopt telemedicine (Stevens et al., 2021).

To address the impact of the digital divide, researchers have endeavored to understand
technology adoption among older adults and have investigated factors that may be
targeted in interventions to increase technology use (Czaja et al., 2006; Wan et al., 2021).
Advancing this line of research, the current dissertation contributes novel insights to the
literature by providing (1) large-scale machine learning analyses, (2) longitudinal
perspectives, (3) age group comparisons across the adult life span, and (4) the novel
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recruitment of elite, older users of digital technology, and (5) the development and
validation of a technology use scale focused on current innovations.

Chapter 2 offers the novel advancement in which machine learning analyses were
performed to identify the predictors of technology use in aging. This study leveraged a
bottom-up, data-driven method to complement the existing, theory-driven research.
Machine learning was applied to a large, nationally representative sample of older
Americans with data for hundreds of variables. Data were available across a 14-year span
from 2002 to 2016 – both before and after the advent of smartphones and tablets.

In Chapter 3, a quantitative study was conducted for the first time to investigate the
characteristics of elite, older users of digital technology. Older adults highly skilled in
digital technology take advantage of online services that can benefit their well-being,
demonstrating adaptability in older age (Tyler et al., 2018). Elite, older users are in a
unique position to provide insights into what individuals can do now to become
competent users of future technologies. This study also provided age group comparisons
by recruiting younger, middle-aged, and older adults.

Together, these two studies present areas of innovation that will strengthen our
understanding of technology and aging. Finally, in Chapter 4, we will discuss how the
characteristics of older adults may differ depending on whether they are non-users,
average users, or elite users of digital technology.
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CHAPTER 2: STUDY 1
Introduction
The technological revolution has evolved rapidly in recent decades and has transformed
our lifestyle. For example, digital devices and Internet access enabled an unprecedented
number of people to work and learn from home. Yet, despite broad adoption of digital
technology across the population, Internet proficiency (Zhang et al., 2017) and adoption
rates (Pew Research, 2021a) are consistently lower among older adults. This lag is of
particular concern because technologies and innovations increasingly rely on the Internet.

Specifically, while the most recent estimates indicate that 99% of younger adults use the
Internet, approximately 25% of Americans over the age of 65 still do not (Pew Research,
2021a). Older age is associated with less digital technology use (Olson et al., 2011),
lower proficiency (Roque & Boot, 2018), and a more restricted range of uses (Schehl et
al., 2019). This age gap creates barriers to delivering critical benefits of digital
innovations to older adults, such as enhancements to functional independence (Czaja et
al., 2006), the flexibility of retirement timing (Friedberg, 2003), and later-life career
changes (Czaja & Moen, 2004; Taha et al., 2016). Further, the impact of the age-related
underutilization of technological innovations is likely to grow as the current generation is
expected to live and work into more advanced age than ever before (Carrière &
Galarneau, 2011).

To understand the mechanisms that drive the age-related digital divide, a growing body
of research has examined age-related factors that impact Internet use and technology
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adoption more broadly. Using standard hypothesis testing approaches, empirical studies
in this literature have been synthesized to reveal a number of critical predictors (Charness
& Boot, 2009; Hunsaker & Hargittai, 2018; Peek et al., 2014; Schulz et al., 2015).
However, a limitation of these prior studies – and traditional hypothesis testing in general
– is that the implemented models can only test a few effects at a time. Thus, key variables
may be in the blind spot of existing mechanistic hypotheses. To preview, the present
study offers a complimentary, data-driven approach that examines the evidence for
existing, theory-driven accounts of the age-related digital divide. This is done using
longitudinal data from a large, nationally representative U.S. sample of older adults
including hundreds of candidate predictors.

Predictors of Technology Use in Aging: Major Categories and Specific Variables

Using standard hypothesis testing methods, studies have documented several variables
that have a robust relationship with technology use in aging. To summarize, variables
associated with technology use fall into a few major categories: cognition,
socioeconomics, health, demographics, as well as attitudes and perceptions. The growing
list of variables suggests that older adults’ decision to engage with digital technology is
complex and multifaceted. The identification of these variables also offers diverse angles
for the design of interventions to promote innovation adoption.
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Cognition
An influential model of technology use in aging emerged in the early 2000s – around the
time that Internet use began to permeate society and enter people’s homes. Following
early research showing that memory and processing speed are important for computer
tasks, Czaja et al. (2006) was the first large-sample study to demonstrate that cognition
predicted computer and Internet use. Fluid intelligence, a subset of cognitive functions,
typically declines in older age (Bugg et al., 2006) and was established as a mediator of
the age-related digital gap (Czaja et al., 2006).

Since Czaja et al. (2006), several review papers have further supported the relationship
between cognition and technology use (Charness & Boot, 2009; Chen & Chan, 2011;
Wildenbos et al., 2018). Specifically, studies have repeatedly shown that technology
use and proficiency are related to short and long-term memory (Macdonald & Hülür,
2020; Slegers et al., 2012) and processing speed (Bergstrom et al., 2015; Fazeli et al.,
2013; Schmidt et al., 2014; Wu et al., 2019; Zhang et al., 2017). Studies have also shown
that Internet use is linked to working memory (Schmidt et al., 2014), inhibitory control
(Fazeli et al., 2013; Slegers et al., 2012), visuospatial abilities (Terlecki & Newcombe,
2005), and crystallized intelligence (Bergstrom et al., 2015; Pak & Price, 2008).

Evidence from clinical populations also supports the role of cognition in technology use.
Compared to those who are cognitively intact, older adults with cognitive impairments
engage in less technology use (Wu et al., 2019). They also experience more trouble
managing everyday technology (Malinowsky et al., 2010), including computers. Further,
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a longitudinal analysis found reciprocal effects between cognition and Internet use
(Kamin & Lang, 2020). The bi-directional effect indicated that older adults with better
cognition may find the initial adoption of digital devices easier. In turn, active technology
use could potentially preserve and strengthen the cognitive functions involved.

Together, theory and accumulating empirical findings suggest that cognition is a key
predictor of technology use among older adults. However, cognitive functions have
different trajectories of change in aging. Specifically which cognitive functions are most
predictive of Internet and technology use is not well understood. Teasing apart their
effects is difficult for two reasons. First, some cognitive tests assess multiple functions at
once. For example, the Trail Making Tests are found to predict technology use (Fazeli et
al., 2013; Wu et al., 2019), but it is not clear which sub-component(s) of the Trail Making
Tests is driving the effect, since the tests are believed to assess visuomotor skills,
processing speed, and executive functions (Bowie & Harvey, 2006). Studies that include
separate measures for the components of complex cognitive functions can help to clarify
the critical mediators of technology use in aging. Second, many studies of technology use
in aging combine multiple cognitive tests into one construct (Czaja et al., 2006; James et
al., 2013; Tun & Lachman, 2010; Yu et al., 2016). Subsequently, these results reveal
effects for composite constructs, making it impossible to determine the effects of
individual cognitive functions. Thus, additional research is required to determine which
cognitive functions are most predictive of technology use in aging.
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Socioeconomics
Socioeconomics, which includes measures of education and wealth, has a strong positive
relationship with technology use. This was established by numerous large-scale studies
(Elliot et al., 2014; Friemel, 2016; Macdonald & Hülür, 2020; Yoon et al., 2020). The
connection between socioeconomics and technology use may exist via multiple pathways.
For example, those who obtain higher levels of education tend to have better cognition
(Dufouil et al., 2003), which is strongly linked to technology use. Also, advanced
education increases one’s likelihood of engaging in employment that requires digital
technology use, thus providing occupational exposure. A higher level of wealth also
renders digital devices and Internet connections more affordable, as high monetary costs
can be a barrier to technology use (Choi & DiNitto, 2013). Regarding age differences,
older cohorts such as baby boomers typically have attained lower education levels than
younger cohorts (U. S. Census Bureau, 2016). Also, wealth tends to decline during
retirement (Daley & Woods, 2014). Such findings suggest a role for socioeconomics in
driving the age-related digital divide.

Demographics
One of the most established predictors of technology use is age itself (Friemel, 2016;
Selwyn et al., 2003; Slegers et al., 2012; Yoon et al., 2020). The phenomenon that older
age is related to the delayed adoption of technology innovation has been documented
since at least the 1960s (Rogers, 2010) – a time that predates the digital revolution. It has
been proposed that age-related changes in attitudes and abilities are driving this effect
(Charness & Boot, 2009). However, a significant age effect has persisted even after
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controlling for socio-demographics, cognition, health, personality, social network, and
attitudes (Czaja et al., 2006; Macdonald & Hülür, 2020; Yu et al., 2016). Notably, these
control variables were not all simultaneously included in the same study, so it remains an
open question whether the age effect can survive in a model controlling for a more
comprehensive list of variables.

Additionally, one’s social group appears to influence technology use. Older adults who
receive encouragement from friends and family to use digital technology are more likely
to show higher levels of use (Friemel, 2016). Also, those who are married or partnered
are more likely to use digital technology (Friemel, 2016; Macdonald & Hülür, 2020;
Yoon et al., 2020). These findings hold particular relevance for the age-related digital
divide as older adults increasingly lose close social partners to death with advancing age.

Health
Health issues are common in advanced age. Issues such as arthritis, movement disorders,
hearing and visual declines may render digital devices less accessible (Wildenbos et al.,
2018). Consistent with the idea that poor health poses barriers to Internet use, several
large-sample studies show that better objective and subjective health is linked to higher
Internet and digital technology use (Macdonald & Hülür, 2020; Seifert et al., 2017; Wan
et al., 2021; Wangberg et al., 2008; Yoon et al., 2020). However, null effects were also
well documented in the literature (Heart & Kalderon, 2013; Seifert & Wahl, 2018;
Selwyn et al., 2003). The use of a general health rating, rather than specific health
measures may have contributed to the mixed findings in the field. For example, an older
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adult with a visual disability may never use video streaming services, but they may be
motivated to download and play audiobooks. Therefore, whether health impacts
technology use depends both on the health issue and the specific digital service. Using
more specific health measures may help resolve conflicts in this area.

Attitudes and Perceptions about Technology
Popular opinion appears to hold that older adults bear predominantly negative attitudes
towards novel technology. The literature suggests that this perception is exaggerated,
although not entirely unfounded. Focus group studies have shown that older adults’
positive attitudes regarding novel technology outnumbered negative ones (Demiris et al.,
2004; Fausset et al., 2013; Mitzner et al., 2010; Vaportzis et al., 2017). During these
interviews, older adults reported that technology made their life better and that they were
eager to adopt smart technology. Nevertheless, negative attitudes regarding technology
have been documented, such as distrust for computers in general, a lack of motivation to
change, concerns about privacy, security, and a lack of human contact (Young et al.,
2014).

Inspired by the influential Technology Acceptance Model (Davis, 1989), Macedo (2017)
used a number of subjective perceptions to predict Internet use among older adults. It was
found that perceived usefulness, also called performance expectancy, stood out with the
largest effect. Another study showed that a composite measure of attitudes about
technology (e.g. comfort using technology, interest in technology) was associated with
technology use (Fazeli et al., 2013). Moreover, computer anxiety has been negatively
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associated with technology use (Czaja et al., 2006), while self-efficacy has a positive
relationship with technology performance (Schmidt et al., 2014; Zhang et al., 2017).
Together with findings showing that age mediates the relationship between self-efficacy
and computer skill acquisition (Reed et al., 2005), the literature suggests that older adults
are generally less confident about their ability to use newer technologies, which can
create a barrier to technology use.

Machine Learning Complements Existing, Theory-Driven Research

As reviewed here, theory-driven research has identified solid predictors of technology use
among older adults. However, traditional hypothesis testing is limited in its ability to test
only a few effects at a time in a given study without controlling for a comprehensive list
of variables. To determine whether certain groups of variables are stronger predictors of
technology use than others, all groups must be assessed in the same study. Notably, this
approach answers the call for research that examines technology and aging with a more
holistic view (Macedo, 2017).

Toward this goal, the present study leveraged a bottom-up, data-driven method to
complement the existing, theory-driven research. Specifically, machine learning can
examine hundreds of candidate predictors simultaneously and allow them to compete
with one another in high-dimensional analyses while minimizing overfitting. This
approach was used to identify important predictors of Internet use, using a large-sample,
nationally representative dataset that provided hundreds of candidate variables. Further,
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we applied this approach to data from 2002 and 2016, both before and after the advent of
smartphones and tablets. This 14-year time span allowed us to examine the stability of
top predictors of Internet use across historical time.

Candidate predictors include variables from all of the major categories reviewed above,
including many of the specific predictors from this literature. For a complete list of
categories, see Appendix A. Across time and among hundreds of candidate predictors, we
expect that cognition will stand out as a key predictor of technology use among older
adults. This prediction is based on an increasing number of quantitative studies (e.g.,
Macdonald & Hülür, 2020; Slegers et al., 2012) and reviews of the aging and technology
literature (Charness & Boot, 2009; Chen & Chan, 2011; Wildenbos et al., 2018) that
indicate cognition impacts technology use in both healthy older adults and those with
age-related cognitive declines. In this literature, cognition has remained a strong predictor
of technology use, even as the methods to access the Internet (computer versus
smartphone) and their associated costs have changed over time. Although the effect of
cognition on technology use has been established, it has never been compared to a large
number of candidate predictors in high-dimensional analyses. We hypothesize that higher
levels of one or more cognitive variables will appear among the top 10 predictors of
technology use consistently across time.

Our study aims were as follows: (1) to assess the support for existing, theory-driven
accounts of technology use in aging using a data-driven approach. (2) To refine current
models by identifying which cognitive functions are most predictive of technology use.
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(3) To examine the stability of important predictors of Internet use over time using
longitudinal data. (4) To compare the classification accuracy of machine learning models
versus a theory-driven, benchmark model in classifying older adults as Internet users
versus non-users. (5) To test the hypothesis that cognition will stand out as a key
predictor of technology use among older adults across 2002 and 2016. (6) To discover
new predictors of technology use that theory-driven research has not identified.

Methods

The current study used machine learning to confirm and identify important predictors of
Internet use and disuse among older adults. This was done using two waves of data from
the Health and Retirement Study.

Participants

Participants were older adults who participated in the Health and Retirement Study (HRS)
in 2002 and 2016. HRS was sponsored by the National Institute on Aging (grant number
NIA U01AG009740) and the Social Security Administration. This study commenced in
1990, and it continues to survey a large, nationally representative sample of American
older adults and their families every two years. The current study included the 2002 and
2016 waves of HRS data collection. These waves were selected for data analysis because
(1) the outcome variable Internet use was first collected in 2002, and (2) 2016 was the
latest dataset fully released at the time of analysis. Participants missing the outcome
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variable, Internet use, were excluded from the analysis. Demographics and the final
sample size1 are shown in Table 1.

Table 1. Demographics and final sample size.
Final sample size
Age
Gender: Male
Hispanic
Race: White
Internet user

2002
16,108
67.9 (9.3)
Range 53.0 – 85.7
6,242 (38.8%)
1,211 (7.5%)
13,360 (82.9%)
4,784 (29.7%)

2016
20,738
65.7 (10.9)
Range 50.0 – 86.0
8,594 (41.4%)
1,861 (9.0%)
NA
11,806 (56.9%)

Note: Standard deviations of continuous variables and percentages of discrete variables
are shown in parenthesis. Race information was not publicly available in 2016.
Study Variables
Internet Use. Internet use is the binary outcome variable of the study. HRS participants
were asked, “Do you regularly use the World Wide Web, or the Internet, for sending and
receiving e-mail or for any other purpose, such as making purchases, searching for
information, or making travel reservations?” Answers were “yes,” “no,” “don’t know; not
ascertained,” or “refused.” The last two answers were coded as missing, resulting in a
binary Internet use variable (yes = 1; no = 0).

Candidate Predictors. To classify participants as either Internet users or non-users, we
applied machine learning to select top predictors from hundreds of candidate variables.
These variables represented the key categories indicated by the literature as predictors of
technology use in older adults. The complete list of HRS variable categories can be found
1

Since recruitment continued over waves of data collection and individual participants did not participate
at every wave, data from 2002 and 2016 are not drawn from an identical sample of participants.
Specifically, 7,449 subjects contributed data to the final samples for both years, representing 46.2% of the
2002 sample and 35.9% of the 2016 sample.
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in Appendix A. To enhance the interpretability and generalizability of our findings, our
key results include the top 10 predictors of Internet use identified by each machine
learning model, with a particular focus on the common top factors across each model.

Data cleaning

The raw datasets contained 6,312 variables from 2002 and 7,916 variables from 2016
before data cleaning. Raw variables were excluded from the analysis for the following
reasons:
− more than 10% missing values
− irrelevant variables (e.g. subject ID, random numbers for test version
assignments)
− variables with zero and near-zero variance2
− redundant variables (e.g. birth year is redundant after age)

This yielded a list of 349 and 283 candidate predictors for 2002 and 2016 respectively.
Blank cells for these variables (less than 2% of data) were imputed using the k nearest
neighbor method (Beretta & Santaniello, 2016). During this process, missing values were
imputed from “neighbors” who were most similar to the participant with the missing
value across all other variables.

2

To determine whether a variable has near-zero variance, the R package nearZeroVar takes two parameters:
freqCut (the cutoff for the ratio of the most common value to the second most common value) and
uniqueCut (the cutoff for the percentage of distinct values out of the number of total samples). We set
freqCut = 200, uniqueCut = 0.01.
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Next, categorical variables were dummy coded to assess the relationship between
individual categories (e.g., gender) and Internet use. Subsequently, the list of candidate
variables increased to 617 and 553 for 2002 and 2016, respectively. To promote
comparability across time, the common subset of candidate predictors that were available
in both 2002 and 2016 entered the final analysis. This produced a final list of 319
candidate variables that were used by machine learning to classify Internet use. However,
analyses using the set of 617 and 553 candidate variables prior to taking the common
subset produced results consistent with the main findings (see Appendix B).

Critically, variables representing each major category of technology use predictors were
maintained after data cleaning, except for attitudes and perceptions. The key HRS
variable under this category (self-efficacy) could not be included in the main analyses as
this measure was not collected in 2002 and was only collected from a randomly selected
subgroup of participants in 2016 (approximately 30% of the full sample). Given the
prominence of the relationship between attitudinal variables and technology use, we
conducted an ancillary analysis on the subset of 2016 participants with measures of selfefficacy. This analysis included all of the key variable categories previously associated
with technology use, and it had a sample size of n = 6,187, which is still relatively large
compared to previous investigations. Self-efficacy was not selected within the top 500
predictors for any model in this ancillary analysis. Thus, in this relatively large
subsample, self-efficacy did not emerge as a strong predictor of Internet use among older
adults.
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Statistical and machine learning analyses

We implemented a family of widely-used penalized logistic regression models, including
ridge (Le Cessie & Van Houwelingen, 1992), lasso (Tibshirani, 1996), elastic net (Zou &
Hastie, 2005), and adaptive lasso (Zou, 2006), to incorporate data features and fit the
dataset with Internet use as the outcome. These penalized logistic regression models were
chosen because they offered several advantages in pursuit of our aims and met each of
the following criteria. First, they extend the linear regression model so that the
interpretability of the models is consistent with prior studies. Secondly, as classification
methods, they can be applied to the current study’s binary outcome variable, Internet use,
through the logit link function. Thirdly, they prevent overfitting when working with highdimensional datasets.

To examine whether the machine learning models performed better than a theory-driven
benchmark model, a logistic regression was constructed to include four predictors: age,
immediate recall, delayed recall, and retirement account. Descriptions for these variables
can be found in the results section. These variables were chosen because (1) previous
research showed that age, cognition, and socioeconomics accounted for approximately 60%
of the variance in technology use (Elliot et al., 2014); this is perhaps the most
parsimonious model with the highest proportion of variance explained. (2) Immediate and
delayed recall have repeatedly been found to have significant relationships with
technology use (Macdonald & Hülür, 2020; Xavier et al., 2014; Yu et al., 2016) Also,
having a retirement account is strongly associated with other measures of SES such as net
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wealth (Brucker & Leppel, 2013). (3) These variables were available both in the 2002
and 2016 waves of the HRS dataset.

The main analyses were undertaken in R version 4.0.2 (R Core Team, 2020) using the
glmnet package (Hastie & Qian, 2014). The outcome variable was Internet use. We
randomly selected two-thirds of the data samples as training data for model training.
During the training of each of the penalized models, 10-fold cross-validation was used to
identify the best value for the penalty parameter 𝜆. The remaining one-third of the data
was reserved as test data to calculate the out-of-sample performance. All models were
trained based on the same data and were evaluated using the previously unseen test data.
The performance evaluation metrics included (1) prediction accuracy, which is the rate of
correct classifications for the test data, i.e. cases that can be correctly classified as
Internet users or non-users, and (2) Area under the ROC Curve (AUC), which provides
an aggregate measure of performance across all possible classification thresholds.

Results
Classification and Fit

Overall, the machine learning models performed very similarly to each other across time
periods. Prediction accuracy for each machine learning model was ~79% (Table 2).
Results further indicated that these models’ prediction accuracy exceeded the benchmark
logistic regression by 5% for the 2002 data and 7% for the 2016 data.
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Table 2. Machine learning and benchmark classification and fit
2002
Accuracy
Machine learning
Lasso
.79
Ridge
.79
Elastic net
.79
Adaptive lasso
.79

AUC

2016
Accuracy

AUC

.84
.84
.84
.84

.79
.79
.79
.79

.88
.88
.88
.88

.72

.79

Benchmark
Logistic
.74
.77
regression
Notes: AUC = area under the curve

Top Predictors from Machine Learning

After training, machine learning models retained dozens to hundreds of predictors,
depending on the model. As described above, the primary results of interest were the top
10 predictors identified by the machine learning models from 2002 (Table 3) and 2016
(Table 4). The directions of effects are described below and were consistent in all models.

Table 3. Top 10 predictors of Internet use selected by penalized models in 2002
Lasso

Ridge

Elastic Net

Adaptive Lasso

1

Age

Age

Age

Age

2

Immediate recall

Immediate recall

Immediate recall

Immediate recall

3

Retirement account

Alcohol

Retirement account

Map use

4
5

Delayed recall
Medicare coverage

Delayed recall
Retirement account

Delayed recall
Medicare coverage

Retirement account
Alcohol

6

Restaurant expense

Map use

Restaurant expense

Own stocks

7

Map use

Volunteer work

Map use

Restaurant expense

8

Own stocks

Medicare overage

Own stocks

Delayed recall

9

Health insurance

Own stocks

Seen dentist

Volunteer work

10

Alcohol

Cohort

Health insurance

Health insurance
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Note: bolded variables were selected as the top 10 predictors by all penalized models.
The dataset included 319 variables that were common across 2002 and 2016.
Table 4. Top 10 predictors of Internet use selected by penalized models in 2016
Lasso

Ridge

Elastic Net

Adaptive Lasso

1

Immediate recall

Age

Immediate recall

Age

2

Map use

Checking account

Map use

Checking account

3

Age

Immediate recall

Delayed recall

Immediate recall

4

Inheritance

Map use

Age

Map use

5

Checking account

Retirement account

Inheritance

Inheritance

6

Delayed recall

Debts

Checking account

Retirement account

7

Own vehicles

Alcohol

Own vehicles

Delayed recall

8

Physical limitations

Delayed recall

Physical limitations

Alcohol

9

Donate charity

Inheritance

Donate charity

Volunteer work

10

Retirement account

Gender

Health insurance

Own vehicles

Note: bolded variables were selected as the top 10 predictors by all penalized models.
The dataset included 319 variables that were common across 2002 and 2016.
Top Predictors Across Models and Time: 2002 and 2016

As described above, our aims focused on determining the strongest predictors of Internet
use among older adults. Thus, we focused on results for the top 10 predictors of Internet
use identified by each model, with particular attention to the common top factors across
each model.

We describe these top variables below, starting with the four predictors that were
identified as the top 10 by each model from both the 2002 and 2016 datasets:
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Age. The demographic variable of age, assessed in years, was the top predictor in all
models of 2002 data and within the top four predictors for each model of 2016 data.
Results indicated that Internet users were more likely to be younger. Critically, this
relationship remained very robust despite the inclusion of hundreds of age-related
variables that have been proposed as more direct predictors of technology use in aging.

Immediate recall. The cognitive variable of immediate recall was the second-highest
predictor in all models of 2002 data and within the top three predictors for each model of
2016 data. This measure of fluid intelligence indexes short-term memory. The test
specifically asks participants to remember a list of 10 words that were read aloud (e.g.
“book, child, gold”). The number of words that could be immediately and correctly
recalled was analyzed. The direction of effects indicated that Internet users had better
immediate recall than non-users.

Delayed recall. The cognitive variable of delayed recall was within the top eight
predictors for each model for both 2002 and 2016 data. This measure of fluid intelligence
indexes long-term memory and is the delayed component of the immediate recall test. In
this component, participants were asked to recall any of the 10 words from the original
word list that they could remember after a delay of about five minutes (with intervening
survey questions). The direction of effects indicated that Internet users had better delayed
recall than non-users.
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Map use. While map use came from the functional limitations section of the HRS, this
variable may be considered as a proxy measure for visuospatial cognitive function (Stasz
& Thorndyke, 1980). Map use was within the top seven predictors in all models of 2002
data and within the top four predictors for each model of 2016 data. For this measure,
participants were asked, “Because of a health or memory problem, do you have any
difficulty using a map to figure out how to get around in a strange place?” The answers
were yes, no, don’t do [this activity], can’t do [this activity]. Results indicated that
Internet users were more likely to have no difficulty reading a map than non-users.

Interim Discussion: Common Predictors across Time and Models

Machine learning revealed that age and cognition were the key variables that
distinguished Internet users from non-users among older adults. Indeed, across datasets
from 2002 and 2016, and out of hundreds of candidate predictors, age and three cognitive
variables were consistently chosen as top variables across all models.

Toward our first aim, these findings strongly supported theory-driven models of
technology use in aging that emphasize the importance of cognition (Charness & Boot,
2009; Chen & Chan, 2011; Czaja et al., 2006; Wildenbos et al., 2018). Toward our
second and third aims, three specific cognitive functions emerged as key predictors
across models and historical time. In particular, they consistently indicated that better
immediate memory, delayed memory, and visuospatial skills were associated with
technology use among older adults in 2002 and 2016.
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Toward our fourth aim, machine learning models produced better classification accuracy
compared to a theory-driven, benchmark model in identifying older Internet users.
Toward our fifth aim, results supported the hypothesis that higher levels of one or more
cognitive variables will appear among the top 10 predictors of technology use
consistently across time.

Top Predictors Across Models: 2002

In addition to age, immediate recall, delayed recall, and map use, the following predictors
were identified as in the top 10 across each model in the 2002 dataset:

Retirement account. This variable came from the assets, debts, and income section of
HRS. Participants were asked, “Do you [or your] [husband/wife/partner] currently have
any money or assets that are held in an Individual Retirement Account, that is, in an IRA
or KEOGH account?” Internet users were more likely to answer yes.

Own stocks. This variable came from the assets and income section. Participants were
asked, “Do you and (your (husband/wife/partner)) have any shares of stock or stock
mutual funds?” Internet users were more likely to answer yes.

Other Top Predictors: 2002
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Alcohol. This variable came from the physical health section of HRS. Participants were
asked, “Do you ever drink any alcoholic beverages such as beer, wine, or liquor?”
Internet users were more likely to answer yes. This variable appeared in the top 10 of
three models.

Medicare coverage. This variable came from the health Services and insurance section of
HRS. Participants were asked, “Are you currently covered by Medicare health insurance?”
Internet users were more likely to answer no. This variable appeared in the top 10 of
three models.

Health insurance. This variable came from the health services and insurance section of
HRS. It indexed whether a participant had private insurance that helps pay for dental
procedures, prescription medicine, or hospitalizations. For example, “Does your private
health insurance provide help with paying for regular prescription drugs?” Internet users
were more likely to answer yes. This variable appeared in the top 10 of three models.

Restaurant expense. This variable came from the assets and income section of HRS.
Participants were asked, “About how much do you spend eating out in a typical week, not
counting meals at work or at school?” Internet users were more likely to spend more
money eating out. This variable appeared in the top 10 of three models.

Volunteer work. This variable came from the functional limitations section of HRS.
Participants were asked, “Have you spent any time in the past 12 months doing volunteer
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work for religious, educational, health-related or other charitable organizations?” Internet
users were more likely to answer yes. This variable appeared in the top 10 of two models.

Cohort. This demographic variable came from the preload (household) section of HRS. It
indexed the age cohort a participant belonged to (e.g. war baby and early baby boomer).
Internet users were more likely to be born in a later cohort. This variable appeared in the
top 10 of one model.

Seen dentist. This variable came from the healthcare utilization section of HRS.
Participants were asked, “In the last two years, have you seen a dentist for dental care,
including dentures?” Internet users were more likely to answer yes. This variable
appeared in the top 10 of one model.

Top Predictors Across Models: 2016

In addition to age, immediate recall, delayed recall, and map use, the following predictors
were identified as in the top 10 across each model in the 2016 dataset:

Checking account. This question came from the assets, debts, and income section of HRS.
Participants were asked, “Do you [or your] [husband/wife/partner] have any checking or
savings accounts or money market funds?” Internet users were more likely to answer yes.

Inheritance. This question came from the assets, debts, and income section of HRS.
Participants were asked “Think about an inheritance you [and your
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[husband/wife/partner]] might leave, but not including any inheritance you might leave to
each other. Including property and other valuables that you might own, what are the
chances that you [and your [husband/wife/partner]] will leave an inheritance totaling
$10,000 or more?” Answers ranged from 0 to 100, with 0 meaning absolutely no chance
and 100 meaning absolutely certain. Internet users were more likely to answer with
higher chances of leaving behind an inheritance.

Other Top Predictors: 2016

Retirement account. This variable, described above as a top predictor across models in
2002, also appeared in the top 10 of three models for 2016 data.

Own vehicle. This variable came from the assets, debts, and income section of HRS.
Participants were asked, “Do you [or your] [husband/wife/partner] own anything for
transportation, like cars, trucks, a trailer, a motor home, a boat, or an airplane?” Internet
users were more likely to answer yes. This variable appeared in the top 10 of three
models.

Alcohol. This variable, described above as a top predictor in three models for 2002 data,
also appeared in the top 10 of two models for 2016 data.

Physical limitations. This variable came from the functional limitations section of HRS.
It included 12 questions regarding whether someone had difficulty walking, running,
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climbing stairs, etc. For example, “Because of a health problem do you have any
difficulty with walking several blocks?” Internet users were more likely to have fewer
physical limitations. This variable appeared in the top 10 of two models.

Donate charity. This variable came from the assets and income section of HRS.
Participants were asked, “In [LAST CALENDAR YEAR], did you (or your
(husband/wife/partner)) donate money, property, or possessions totaling $500 or more to
religious or other charitable organizations?” Internet users were more likely to answer
yes. This variable appeared in the top 10 of two models.

Volunteer work. This variable, described above as a top predictor in two models for 2002
data, also appeared in the top 10 of one model for 2016 data.

Debts. This question came from the assets, debts, and income section of HRS.
Participants were asked, “do you [or your] [husband/wife/partner] have any debts that we
haven't asked about, such as credit card balances, medical debts, life insurance policy
loans, loans from relatives, and so forth?” Internet users were more likely to answer yes.
This variable appeared in the top 10 of one model.

Gender. This demographic variable came from the preload (respondent) section of HRS.
Participants were asked, “What is your/(your spouse’s/partner’s) sex?” Internet users
were more likely to be female. This variable appeared in the top 10 of one model.
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Interim Discussion: Unique and Common Predictors

Under our sixth aim, we sought to identify predictors of Internet use that had not yet been
identified by theory-driven research. While all of the variables consistently selected
across models and years have been previously associated with technology use in aging,
multiple models of 2002 and 2016 also yielded new predictors that had not been
previously identified, such as alcohol use.

As summarized in Table 5, overall, machine learning showed that cognition and age are
highly robust predictors of Internet use among older adults across time. Socioeconomics
also emerged as strong and consistent predictors across all models, although the specific
variables emerging from each model varied slightly across time. Other categories
featured in the top 10 list include those indexing health, healthcare, and functional
limitations. Finally, attitudes and perceptions were indicated by the literature as strong
determinants of technology use among older adults. However, the key variable from this
category, self-efficacy, did not emerge as a strong predictor in our results.
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Table 5. Key variable categories identified by machine learning as predictors of Internet
use among older adults
Across all models and
time

Across models 2002

Some models 2002

Across models 2016

Some models 2016

Cognition

Immediate Recall
Delayed recall
Map use

Immediate Recall
Delayed recall
Map use

Immediate Recall
Delayed recall
Map use

Immediate Recall
Delayed recall
Map use

Immediate Recall
Delayed recall
Map use

Demographics

Age

Age

Age
Cohort

Age

Age
Gender

Retirement account
Own stocks

Retirement account
Own stocks
Restaurant expense

Checking account
Inheritance

Checking account
Inheritance
Own vehicle
Donate charity
Debts

Socioeconomics

Health & healthcare

Medicare coverage
Health insurance
Seen dentist
Alcohol

Alcohol

Volunteer work

Volunteer work
Physical limitations

Attitudes &
perceptions*
Functional
limitations

Notes: While map use came from the functional limitations section of the HRS, this
variable may be considered as a proxy measure for visuospatial cognitive function (Stasz
& Thorndyke, 1980). *The key HRS variable under attitude and perceptions (selfefficacy) could not be included in the main analyses as this measure was not collected in
2002 and was only collected from a random subgroup of participants in 2016
(approximately 30% of the full sample). Given the prominence of attitudinal and
perception variables as associates of technology use, we conducted an ancillary analysis
on the subset of 2016 participants with measures of self-efficacy. This analysis included
all of the key variable categories previously associated with technology use with sample
sizes of n = 6,187, which is still relatively large compared with previous investigations.
Self-efficacy was not within the top 500 predictors for any model in this ancillary
analysis. Thus, among this relatively large subsample, self-efficacy did not emerge as a
strong predictor of technology use among older adults.

Benchmark Logistic Regression

Logistic regression revealed that all four predictors were significant in both 2002 and
2016. These results are shown in Table 6. Older age had a negative relationship with
Internet use. Better immediate and delayed recall were positively related to Internet use.
Not having a retirement account was negatively related to Internet use.
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Having only four variables, the benchmark models performed fairly well compared to the
machine learning models. The benchmark accuracy was only 5% (2002) and 7% (2016)
lower than machine learning models (see Table 2). Across the theory-driven benchmark
and machine learning, findings were generally aligned regarding the importance of age,
cognition, and socioeconomics on predicting Internet use among older adults.

Table 6. Benchmark logistic regression outputs
Estimate SE

OR

z-value p-value

2002
Intercept

-1.12

0.03 0.33 -42.39

<.001***

Age

-0.63

0.03 0.53 -22.36

<.001***

Immediate recall

0.31

0.04 1.37 8.48

<.001***

Delayed recall

0.24

0.04 1.27 6.55

<.001***

0.02 0.59 -22.71

<.001***

Retirement account -0.53
2016
Intercept

0.37

0.02 1.44 18.05

<.001***

Age

-0.65

0.02 0.52 -29.68

<.001***

Immediate recall

0.41

0.03 1.52 13.95

<.001***

Delayed recall

0.35

0.03 1.42 11.87

<.001***

0.02 0.50 -30.51

<.001***

Retirement account -0.70

Note: not having a retirement account was coded as 1.

Discussion

To expand on the current models of technology use in aging, the present study takes the
novel approach of leveraging machine learning to classify Internet users versus non-users.
This was done using a large, nationally representative sample of older adults both before
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and after the advent of smartphones and tablets. Overall, machine learning models
achieved a classification accuracy of ~80% and revealed outcomes that largely supported
current models of technology use in aging. More specifically, in competition with
hundreds of candidate variables, cognition, age, and socioeconomics selectively stood out
as having the strongest and most consistent relationship with Internet use among older
adults. These results were consistent across 2002 and 2016.

Our main findings validated theory-driven research that emphasized the importance of
cognition as a predictor of technology use in aging (Charness & Boot, 2009; Chen &
Chan, 2011; Czaja et al., 2006; Wildenbos et al., 2018). Across adulthood, fluid
intelligence such as memory, reasoning, and visuospatial abilities decline with age
(Salthouse, 2009). Such declines make learning to use digital technology difficult, which
often requires users to remember the functions and locations of various icons and menus.
Because mastering new technical skills becomes increasingly challenging with age, we
highlight the importance of universal design – the design of technology that is simple and
easy to use (Carr et al., 2013) – in some cases requiring no effort at all. For example,
smartwatches can equip the ability to detect falls and sound medical alerts automatically.
Our findings support the implication that automaticity should be a high priority in the
design of smart devices to ameliorate age-related cognitive challenges that are barriers to
technology use.

Better cognition may also be the consequence rather than the prerequisite of technology
use. According to the “use it or lose it” hypothesis (Hultsch et al., 1999; Tun & Lachman,
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2010), intellectual engagement such as technology use preserves and strengthens
cognitive functions. The bi-directional relationship between cognition and technology use
was supported by a 9-year longitudinal analysis (Hartanto et al., 2020). Based on this
finding and our results, we recommend that individuals should actively and continuously
expose themselves to new technological innovations, which are easier to master at a
younger age. This type of life-long learning may also have the added benefit of buffering
against cognitive declines.

In addition, the current study investigated which cognitive functions have the strongest
relationship with Internet use. Results showed that immediate recall, delayed recall, and
map use were unanimously chosen as the top variables by all machine learning models
across time. Immediate and delayed recall index short-term memory and long-term
memory, which had been linked to technology use (Macdonald & Hülür, 2020; Slegers et
al., 2012). Although map use is a subjective measure of one’s ability to use a map, it
likely reflects visuospatial ability, which had been shown to predict technology use
(Terlecki & Newcombe, 2005). Together, these results suggest that digital technology
places a special demand on one’s ability to encode and recall information as well as one’s
ability to process visual information on a display.

Providing further support for theory-driven research (Elliot et al., 2014; Friemel, 2016;
Macdonald & Hülür, 2020; Yoon et al., 2020), our data-driven models highlighted the
prominent relationship between socioeconomics and Internet use. Top socioeconomic
predictors included variables that index whether one had a checking and retirement
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account, owned stocks, and felt confident about being able to leave an inheritance. In
general, wealth is consumed during retirement; assets and income tend to decline in older
age (Daley & Woods, 2014). These findings highlight the cost of technology, including
Internet service plans, smartphones and computers costs, as a potential barrier to Internet
use among older adults. Indeed, concerns about costs had been explicitly expressed by
older adults in qualitative interviews (Pang et al., 2021). Our results suggest that, as
society increasingly shifts important services to online platforms (e.g. online banking,
telehealth), it is critical to provide accommodations for older adults who are experiencing
the twofold setback of financial and cognitive decline.

In addition, we found the importance of cognition and socioeconomics on Internet use
remained stable across a 14-year-period. During this period, technological innovations
and cultural changes transformed how people used the Internet. For example, digital
technology in general became more affordable over these years. In addition, smartphones
and tablets were in early development in 2002, but they had become widely adopted by
2016 (Pew Research, 2021b). Despite these changes in cost and accessibility, however,
the top variables selected by machine learning remained consistent across 2002 and 2016.
This suggests that cognition and socioeconomics are important variables that will
continue to predict technology use in aging in the years to come.

We have also discovered new variables that have a relationship with Internet use among
older adults. Variables such as donate charity, restaurant expense, own stocks, and
own vehicles are new variables that can be considered to represent socioeconomics.
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Machine learning also identified alcohol use – perhaps for the first time in the literature –
as a top predictor of Internet use. Interestingly, Internet users were more likely to drink
alcohol compared to non-users. This effect may be explained by the possibility that
individuals who stop drinking tend to have health issues (Stranges et al., 2006) and health
issues in turn were linked to Internet disuse (Wildenbos et al., 2018). Also, women who
were non-drinkers tended to be married and reported home duties as their main
occupation; they also had lower levels of education, employment, and private health
insurance (Jonas et al., 2000). Thus, a non-drinking status may indicate socioeconomic
barriers and limited occupational exposures to the Internet.

While our study includes strengths in both methodology and power, it is not without
limitations. One limitation of the current study is the binary coding of Internet use. In real
life, technology use behavior falls on a varying, continuous spectrum. While our models
were able to distinguish between Internet users and non-users, future studies should
examine whether the same predictors can distinguish between average users and
competent users. Average, older users tend to use digital technology less often and for a
small range of purposes compared to younger adults (Olson et al., 2011). Thus, they may
not be able to take full advantage of technological innovations. We call for studies to
examine the characteristics of the upper end of the spectrum, i.e., older adults who are as
tech-proficient as younger adults. These factors may reveal information about what
preparations we should make to promote high functioning and adaptability in older age.
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Relatedly, the literature reviewed in the introduction indicated that there are five major
categories of variables associated with technology use in aging: cognition,
socioeconomics, health, demographics, as well as attitudes and perceptions. Machine
learning selected all of these categories in the top 10 list of predictors, except for attitudes
and perceptions. While HRS did not include measures of technology-specific attitudes
(e.g., computer anxiety), the general subjective measure of self-efficacy was collected by
HRS. However, self-efficacy did not emerge as a predictor for the simple binary measure
of Internet use. As prior findings suggest that attitudes and perceptions may have a
stronger role in determining continuous levels of technology proficiency (Schmidt et al.,
2014; Zhang et al., 2017), future studies on this topic should consider dependent
measures with more continuity and variability.

Finally, our ability to determine specific cognitive predictors of Internet use may have
been limited by the selection of cognitive measures in HRS. Results indicated that
measures of working memory (serial 7, counting backwards) and global cognitive
function (Telephone Interview for Cognitive Status) were retained by machine learning
as being relevant for classifying Internet use. These measures may have failed to reach
the top predictor list due to ceiling effects; for example, serial 7 had a severe left skew.
Future research may be conducted with alternate measures to more directly assess the
role of these cognitive functions in determining technology use among older adults.
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CHAPTER 3: STUDY 2
Introduction
It is well documented that older adults tend to lag behind the younger generations in the
adoption of technological innovations, reflecting an age-related digital divide. Research
has documented that older adults have lower adoption rates (Pew Research, 2021a), lower
proficiency (Roque & Boot, 2018), less breath of use (Olson et al., 2011), and late
adoption status (Rogers, 2010). However, a subset of older adults had proven themselves
the exception to the rule. In a study about technology proficiency, it was found that about
a fifth of the community-recruited older adults were exceptional outliers compared to
their peers, showing high proficiency on par with younger adults (Roque & Boot, 2018).
In addition, an interview of nine “super users”, who were elite older users of digital
technology, revealed that they were all early adopters of technological innovations (Tyler
et al., 2018), defying the expectation that older adults are generally “laggards” to
innovation adoption (Rogers, 2010).

To date, few studies have examined older adults who are highly skilled in digital
technology. Tech-savvy older adults are an important group to study because they
demonstrate the possibility of high functioning and adaptability in older age. They
challenge common, negative stereotypes of aging (Tyler et al., 2018). Also, they are
important members of society who can reveal what psychological and behavioral markers
may have helped them achieve an exceptional level of technological proficiency. By
investigating the variables linked to high technology use in later life, the current study

35

seeks to “learn from the best” to identify areas in which society should invest to prepare
individuals to command future technologies.

While older adults who are at risk of digital exclusion have been extensively studied
(Calvert Jr et al., 2009; Choi & DiNitto, 2013; Chu et al., 2009; Neves et al., 2015; Wild
et al., 2012; Yoon et al., 2020), older adults at the upper end of the spectrum are rarely
targeted by technology and aging studies. In addition, key predictors from the technology
and aging literature (detailed below) have not been formally tested among elite, older
tech users. To address this gap in knowledge, the present study examined five established
predictors of technology use in older adults to predict novel technology use among elite
older adults: cognition, socioeconomics, perceived usefulness, self-efficacy, and adoption
age. Participants were recruited from an online platform, where elite users of digital
technology were more likely to be found.

Candidate predictors

The link between cognitive aging and technology use is well established (Charness &
Boot, 2009; Chen & Chan, 2011; Wildenbos et al., 2018). Evidence supporting the
hypothesis that cognition plays an important role in technology use includes results from
large-scale surveys (Czaja et al., 2006; Macdonald & Hülür, 2020), intervention studies
(Chan et al., 2016; Slegers et al., 2009), cognitive impairment studies (Malinowsky et al.,
2010; Wu et al., 2019), longitudinal analysis (Hartanto et al., 2020), and machine
learning analysis (Wan et al., under review). The age-related digital divide appears to be
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partially driven by age-related cognitive decline (Bugg et al., 2006), suggesting a
particular role for fluid intelligence in mastery over digital technology. Specifically, the
use of technology such as smartphone and computers likely involves the interplay of
memory encoding and recall (Schmidt et al., 2014), spatial awareness and manipulation
(Terlecki & Newcombe, 2005), as well as inhibition control (Fazeli et al., 2013; Slegers
et al., 2012). Because cognition has been so consistently implicated in the age-related
digital divide and emerged as the most robust predictor of the age-related digital divide
(other than age itself) in Study 1, we predict that cognition will have the largest effect on
technology use among other candidate predictors.

Like cognition, the link between socioeconomics and technology use among older adults
is unequivocal (Elliot et al., 2014; Friemel, 2016; Macdonald & Hülür, 2020; Yoon et al.,
2020). In Study 1, socioeconomic factors ranked closely behind cognition as robust and
consistent predictors of Internet use. The intuition behind the importance of
socioeconomics is that education provides the training and professional exposure to
digital technology. In addition, financial resources enable the purchase of new devices, of
which the cost can be a barrier to technology adoption (Choi & DiNitto, 2013).

Besides personal resources such as cognition and socioeconomics, attitudes and
perceptions also play an important role in technology-related outcomes. Self-efficacy is
an important marker of successful aging and has been linked to technology proficiency
among older adults (Schmidt et al., 2014; Zhang et al., 2017). Also labeled as sense of
control, locus of control, and mastery (Wolinsky et al., 2010), self-efficacy measures the
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extent to which people believe they have influence over their life. As age advances, there
is increased variability in self-efficacy across individuals, perhaps due to the
accumulation of different life experiences (Rodin, 1986). Individuals with strong selfefficacy may be more likely to seek personal advancement such as learning a new
technology, as self-efficacy is also linked to learning achievements (Talsma et al., 2018).

Additionally, perceived usefulness was found to be a robust predictor of technology use
from the influential Technology Acceptance Model (Davis, 1989), an effect further
extended to older adults (Macedo, 2017). People perceive a technology to be useful
because it can fulfill particular needs. For example, an older adult wishing to stay
connected with friends and family may perceive social media as useful. Over time, this
perception may be reinforced as people use the technology more (Burnett et al., 2011).

In the current study, we will extend these key predictions from the technology and aging
literature to elite, older users recruited from an online participation platform. In addition,
we propose that early adoption age is a characteristic of elite older, users of digital
technology; this was informed by qualitative interviews of “super users” showing that
this group tends to be early adopters of technological innovations (Tyler et al., 2018).

Hypotheses

As reviewed above, we proposed five candidate predictors of elite-level technology use
among older adults. They correspond to the following hypotheses:
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H1: Higher levels of one or more cognitive variables will predict higher technology use
among elite, older users.
H2: Higher levels of one or more socioeconomics variables will predict higher
technology use among elite, older users.
H3: Higher perceived usefulness will predict higher technology use among elite, older
users.
H4: Higher self-efficacy will predict higher technology use among elite, older users.
H5: Early adoption age will predict higher technology use among elite, older users.
H6: Among all hypothesized effects, the largest standardized coefficient will come from
a cognitive variable.

Methods

Participants

Participants were 92 younger adults, 94 middle-aged adults, and 583 older adults
recruited from Prolific (https://www.prolific.co/). Compensation was $4 for a
participation of 30 minutes. Participants who failed one of the two attention checks (e.g.
“To show that you are paying attention, please select "Maybe" for this question.”) were
excluded from analyses. The final sample size and demographics are presented in Table 7.
The study was approved by the University of Central Florida Institutional Review Board
and all participants gave informed consent.
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Table 7. Demographics

n
Age
Education
Gender: Male
Race: African American
Hispanic
Technology Use

Younger adults
80
26.27(4.90)
Range 18 - 35
15.31(1.98)
Range 12 - 21
52.50%
7.50%
20.00%
26.16(3.99)
Range 14 - 33

Middle-aged adults
87
46.47(7.31)
Range 36 - 59
15.43(2.63)
Range 10 - 22
39.08%
8.05%
4.60%
24.85(4.80)
Range 11 - 34

Older adults
556
65.61 (4.84)
Range 60 - 84
16.00(2.82)
Range 2 - 30
41.73%
3.78%
2.34%
24.77(4.30)
Range 11 - 36

Note: Education was measured in years. Technology Use had a possible range of 0 - 36.

Study Variables

Technology use. The technology use scale was created specifically for the study (Figure
1). It is the main outcome variable of the study. We assessed a comprehensive list of
domains (1) that are meant to help older adults maintain quality of life and (2) are not
highly utilized among this population (Berkowsky et al., 2017). These domains include
socialization, transportation, recreation/leisure, healthcare, and lifelong learning. We also
added three domains assessing video communication, personal finance and productivity.
Overall, the scale has nine items which correspond to the nine domains mentioned above.
Answers were recorded on a scale of 0 (haven’t heard of it) to 4 (very often). Finally,
these numbers were summed over nine items to yield a final score ranging from 0 to 36.
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Figure 1. The technology use scale

Technology proficiency. To evaluate the construct validity of technology use, three
established measurements of technology proficiency were assessed: Computer
Proficiency Questionnaire (CPQ) (Boot et al., 2015), Mobile Device Proficiency
Questionnaire (MDPQ) (Roque & Boot, 2018), and Wireless Network Proficiency
Questionnaire (WNPQ) (Roque & Boot, 2021). Participants were asked, for example,
“Using a mobile device I can send pictures by email (1 = never tried, 2 = not at all, 3 =
not very easily, 4 = somewhat easily, 5 = very easily).”

Device ownership. Participants responded to the following prompt: “I currently own the
following digital devices that connect to the Internet.” There were seven types of devices
such as computer and smartphone. Answers were recorded as yes or no. Participants were
also invited to type down other devices they own that were not mentioned in the prompt.
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Adoption age. Participants were asked, “At what age did you first start using the Internet?”
Answers are recorded in numbers.

The following variables were taken from the Health and Retirement Study (Health and
Retirement Study, 2020) as they emerged as top predictors from Study 1:

Immediate recall. Immediate recall is a cognitive measure indexing short-term memory
(Fischer et al., 2014), a type of fluid intelligence. Participants were read a list of 10 words
(e.g. “book, child, gold”). The number of words that could be immediately and correctly
recalled entered analysis.

Delayed recall. Following immediate recall, participants experienced a delay of about
five minutes, after which they recalled the list of words again (Fischer et al., 2014).
During the delay, participants worked on other parts of the study. The number of words
that could be correctly recalled after the delay entered analysis. Recoding delayed recall
by not only counting the number of correctly recalled words but also penalizing incorrect
answers did not change study results.

Map use. Map use is a subjective measure that reflects visuospatial skills. Participants
were asked, “Because of a health or memory problem, do you have any difficulty using a
map to figure out how to get around in a strange place?” The answers were yes, no, don’t
do [this activity], can’t do [this activity]. Map use did not enter final analysis due to nearzero variance, as 545 out of 556 older adults answered they had no difficulty using a map.
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Retirement account was assessed via “Do you currently have any money or assets that are
held in an Individual Retirement Account, that is, in an IRA or KEOGH account?”
Answers were yes = 1 or no = 0.

Procedure

Participants completed a survey that consisted of the following sections: demographics,
technology use, device ownership, immediate recall, delayed recall, socioeconomics, selfefficacy, and performance expectancy. Three established measurements of technology
proficiency were also administered: CPQ, MDPQ, and WNPQ. An abridged version of
visuospatial test (Ozimec et al., 2010) was also assessed but dropped from analysis due to
participant reports of confusion over task instructions (n = 10). The inclusion of the
visuospatial tests in the final analyses did not change study results and it was not
significantly associated with technology use. Finally, a health section was included in the
survey (results not included here).

Statistical analysis
Outcome variable validation was first performed to assess the validity of the new
technology use scale. Construct validity was assessed via correlations between
technology use and three established measurements of technology proficiency. Internal
consistency was assessed via Cronbach’s alpha.
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Linear regressions were used to test all hypothesized effects among older adults with
technology use as the outcome measure. The predictors were immediate and delayed
recall, education, retirement account, performance expectancy, self-efficacy, and
adoption age. Control variables were age, gender, and race. The main analysis was
replicated in younger and middle-aged adults for age-group comparisons. ANOVA was
conducted to test for age-related differences in technology use.

Results
Device Ownership

Device ownership is shown in Table 8. Nearly all participants had a computer/laptop and
a smartphone. While tablets were more popular among middle-aged and older adults,
game consoles were more popular among younger adults. In free response, participants
also reported many devices they owned that were not covered on the survey, such as
smart security systems and smart thermostats. These free responses are available in
Appendix C.

Table 8. Device ownership by age groups
Younger adults

Middle-aged adults

Older adults

Computer or laptop

97.8%

100%

99.8

Tablet

59.6%

77.2%

67.8

Smartphone

100%

98.9%

96.5

Smart watch

37.1%

37.5%

29.0

Smart speaker

47.2%

44.3%

41.7

Game console

71.9%

53.4%

18.0

Smart TV

77.5%

70.5%

72.4
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Outcome Variable Validation

Distribution. Technology use was normally distributed among Prolific older adult
participants, with no ceiling or floor effects (Figure 2A). No participant scored the
minimum score of zero and, out of all participants, only one person scored the maximum
of 36. In contrast, established measures of technology proficiency (i.e. CPQ, MDPQ,
WNPQ) showed visually-detectible ceiling effects (Figure 2B – 2D).

Figure 2. Technology use was normally distributed while established measures of
technology proficiency showed ceiling effects

Older adults’ technology use was broken down into individual items shown in Figure 3.
Some activities are used less often than others. Specifically, ride share (M = 1.66, p<.001)
and telehealth (M = 1.73, p<.001) were used significantly less frequently compared the
average, item-level technology use (M = 2.75). These activities may be needed less
45

frequently (i.e. telehealth is only needed during sickness) compared to activities such
streaming which can be enjoyed daily.

Figure 3. The frequency of older adults’ technology use vary depending on the activity
Note: error bars represent standard deviations.

Construct validity. Technology use was significantly correlated with three established
measures of technology proficiency (Table 9). The correlation between technology use
and MDPQ (.53) was significant higher than its correlation with WNPQ (.48) (p = .001)
and CPQ (.41) (p = .04). This may reflect the fact that mobile device usage is more
dominant than desktop usage (Perficient, 2021).
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Table 9. Correlation between technology use and three measurements of technology
proficiency
r

CI

p

CPQ

.41

[.34, 48]

<.001

MDPQ

.53

[.46, .58]

<.001

WNPQ

.48

[.41, .54]

<.001

Internal consistency. Cronbach’s alpha was calculated to evaluate the internal consistency
of the technology use scale (Table 10). Overall, the measurement showed satisfactory
levels of internal consistency. Cronbach’s alpha is somewhat lower among younger
adults, but acceptable levels fell within the confidence interval.

Table 10. Cronbach’s alpha for technology use by age groups
Younger adults
Middle-aged adults
Older adults
Overall

Alpha
.64
.80
.69
.70

CI
[.48, 74]
[.72, .85]
[.65, .73]
[.66, .73]

Note: CI = bootstrapped 95% confidence interval based on 1,000 samples. The
technology use scale has nine items.
Age-related digital divide. The technology use scale was capable of detecting the agerelated digital divide. ANOVA showed that technology use differed significantly by age
groups (F(2, 720) = 3.64, p = .03). Post hoc tests indicated that, compared to younger
adults, older adults had a significantly lower level of technology use (p = .02). Notably,
the observed age effect was modest given that participant samples, including older adults,
were recruited from an online study platform. Other age group comparisons were not
significant. See Figure 4 for technology use by age groups.
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Figure 4. Older adults reported significantly lower levels of technology use compared to
younger adults
Note: * indicates p < .05
Main Analysis and Hypothesis Testing: Older Adults

The main analysis of the study is shown in Table 12. Hypotheses 1 – 5 were all supported
by linear regression results. Higher levels of technology use was predicted by (1) better
immediate recall, (2) higher education, (3) having a retirement account, (4) higher
performance expectancy, (5) higher self-efficacy (mastery), and (6) younger adoption age.
The only control variable that was significant was race: African-Americans showed lower
levels of technology use. Notably, the self-efficacy measure of constraints remained nonsignificant when the closely-related measure of mastery (r = -.71) was removed from
analysis. Similarly, delayed recall remained non-significant when the closely-related
measure of immediate recall (r = .77) was removed from analysis.
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Table 11. Linear regression effects on technology use among older adults
β

SE

(intercept)
Immediate recall
Delayed recall
Education
Retirement account
Perceived usefulness

10.35
0.44
-0.18
0.21
1.06
0.60

3.22 3.21
0.16 2.75
0.14 -1.30
0.06 3.20
0.36 2.97
0.09 6.50

.001**
.006**
.20
.001**
.003**
< .001***

Self-efficacy: mastery
Self-efficacy: constraints
Adoption age
Age
Gender
Race: African American

0.13
.004
-0.08
0.01
-0.53
-2.20

0.05 2.54
0.02 0.19
0.02 -3.07
0.04 0.32
0.34 -1.57
0.87 -2.55

.01*
.85
.002**
.75
.12
.01*

Adjusted R squared

t value p value

0.21

Note: p < .05*. p < .01**. p < .001***.

To visualize the results, the standardized coefficients of linear regression effects on
technology use are plotted in Figure 5.

49

Figure 5. Standardized coefficients of linear regression effects on technology use
Note: variables are sorted in descending order based on standardized coefficients. Error
bars indicate 95% confidence interval. Red and blue correspond to positive and negative
effects. Grey effects are non-significant.

Main Analysis Replicated in Younger and Middle-aged Adults

The main analysis was replicated among younger adults (Table 13) and middle-aged
adults (Table 14). Among younger adults, higher levels of technology use were predicted
by (1) higher education, (2) higher performance expectancy, and (3) being female.
Correspondingly, women had significantly higher self-reported activity in social media (p
= .007), telehealth (p = .04) and online shopping (p = .01) than men.
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Table 12. Linear regression effects on technology use among younger adults
β

SE

(intercept)
Immediate recall
Delayed recall
Education
Retirement account
Perceived usefulness
Self-efficacy: mastery

2.10
0.51
-0.53
0.83
-0.05
0.73
0.21

6.09 0.35
0.40 1.28
0.37 -1.41
0.21 3.94
1.09 -0.05
0.22 3.29
0.12 1.67

.73
.21
.16
< .001***
.96
.002**
.10

Self-efficacy: constraints
Adoption age
Age
Gender
Race: African American

0.03
0.18
-0.15
-2.17
-0.24

0.05
0.15
0.09
0.79
1.51

.63
.24
.08
.008**
.87

Adjusted R squared

t value p value

0.48
-1.18
-1.80
-2.75
-0.16
0.29

Note: p < .05*. p < .01**. p < .001***.

Similarly, among middle-aged adults, higher levels of technology use were predicted by
(1) having a retirement account, (2) higher performance expectancy, and (3) being female.
Correspondingly, women reported that they used cloud storage more (p = .04) and did
more online shopping (p = .01) than men. Women also used social media marginally
more than men (p = .07).
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Table 13. Linear regression effects on technology use among middle-aged adults
β

SE

(intercept)
Immediate recall
Delayed recall
Education
Retirement account
Perceived usefulness
Self-efficacy: mastery

3.74
0.09
-0.07
0.34
2.75
0.93
0.08

8.71 0.43
0.56 0.16
0.48 -0.14
0.23 1.49
1.09 2.53
0.34 2.75
0.14 0.54

.67
.87
.89
.14
.01*
.008**
.59

Self-efficacy: constraints
Adoption age
Age
Gender
Race: African American

0.09
-0.24
0.08
-3.23
0.64

0.06 1.57
0.14 -1.70
0.14 0.58
1.06 -3.04
1.77 0.36

.12
.09
.56
.003**
.72

Adjusted R squared

t value p value

0.23

Note: p < .05*. p < .01**. p < .001***.
Discussion

Older adults who master novel technology demonstrate high functioning and adaptability
in older age. To date, few studies have examined older adults who are highly skilled in
digital technology. We investigated the characteristics of elite older adults who are highly
proficient in digital services. To capture both the breath and frequency of digital activities,
a technology use scale was created and validated. Aligned with existing research on the
age-based digital divide, results indicated that even older super-users have lower levels of
technology use compared to younger adults. As expected, however, observed age
differences were relatively small given that participants were intentionally drawn from a
pool of digital technology users (i.e., online study platform). Study results supported the
hypotheses that higher levels of technology use were predicted by cognition,
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socioeconomics, self-efficacy, perceived usefulness, and younger adoption age. Critically,
we found that short-term memory, compared to long-term memory, may be more
important for achieving elite levels of technology use.

The present study provided a novel measure to capture the varying degrees of digital
competency across adulthood. Specifically, the technology use scale was created to index
whether someone can successfully utilize digital services from nine domains. These
domains include socialization, transportation, recreation/leisure, healthcare, lifelong
learning, video communication, personal finance, and productivity. The scale showed
good statistical properties among older adults, yielding a normal distribution with no
ceiling or floor effect. The scale also showed satisfactory internal consistency and
construct validity, and it was correlated with three established measures of technology
proficiency (Boot et al., 2015; Roque & Boot, 2018, 2021).

By definition, older adults recruited online are more tech-savvy than the average older
adults, given that about 25% of U.S. older adults are still offline (Pew Research, 2021a).
Indeed, our results showed that older adults recruited through Prolific
(https://www.prolific.co/) scored at ceiling for computer, mobile, and wireless network
proficiency. Nonetheless, the technology use scale was capable of detecting the agebased digital divide, showing that even this select group of older adults used digital
technology less than younger adults recruited from the same platform. Thus, future
studies using this newly developed measure will likely observe larger age gaps with
participants recruited from the community offline.
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Our main findings are highlighted below. First, older adults with higher levels of
technology use showed selectively superior cognitive performance in short-term memory.
Two cognitive measures were assessed in the study: immediate and delayed recall, which
index short-term and long-term memory, respectively. Results showed that immediate
recall uniquely predicted technology use among older adults with high technological
proficiency, while delayed recall was not a significant predictor of technology use in this
group. Taken with findings from older adults using representative samples (Wan et al.,
under review) and those with cognitive impairments (Malinowsky et al., 2010; Wu et al.,
2019), poor delayed recall may present a barrier to basic technology use. However,
delayed recall may be less important for predicting digital competency at the upper end of
the spectrum. The rationale is that most digital commands, such as the myriad of buttons
in Excel, do not require us to commit them to long-term, verbal memory. Instead, we
search them as needed, and there is an increasing number of tutorials and guides available
online. As usability of digital services improve, individuals may become less reliant on
verbal, long-term memory and more reliant on short-term memory, which is required for
learning new skills and holding relevant information in conscious awareness.

We also found that older adults with higher levels of technology use had adopted the
Internet at a younger age. This is consistent with the qualitative finding that older “super
users” were early adopters of technological innovations (Tyler et al., 2018). Similar to
foreign languages, novel technology may be easier to learn and adopt when people are
younger because fluid intelligence is more robust at a younger age (Bugg et al., 2006).
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The relationship between cognition and technology use is mutually beneficial: people
with better cognition will find new technology easier to learn, and in turn, technology use
maintains or even strengthens cognitive functions. This bidirectional relationship was
first proposed under the “use it or lose it” hypothesis (Hultsch et al., 1999; Tun &
Lachman, 2010), and later supported by a 9-year longitudinal analysis (Hartanto et al.,
2020). Based on this converging evidence, we advocate that people should learn to use
new technology as early as possible and continuously try out new technology throughout
lifetime. Learning new things at an earlier age comes with the advantage of higher levels
of fluid intelligence. Conversely, intellectual engagements can help slow or prevent
cognitive declines, creating a virtuous cycle of positive feedback and cumulative
advantage.

Our second main finding indicated that, beyond abilities such as cognition, attitudes and
perceptions are also important predictors of technology use among older adults. Although
we initially hypothesized that cognition would be the most important predictor of
technology use, cognition ended up being a close second right after perceived usefulness,
which had the highest standardized coefficient. Perceived usefulness was also a
significant predictor for technology use among younger and middle-aged adults. This
result may reflect the Halo Effect (Davis, 1989), whereby participants believe a
technology is useful simply because they use it. The fact that perceived usefulness had
the strongest effect may reflect that it is a measure that is very similar to the outcome
variable itself.
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On the other hand, self-efficacy also yielded a positive relationship with technology use,
consistent with prior research on technology performance (Schmidt et al., 2014; Zhang et
al., 2017). Specifically, mastery, but not constraint was a significant predictor of
technology use. As an important marker of successful aging, mastery measures whether
people agree with statements such as “I can do just about anything I really set my mind to
do.” Older adults with a can-do attitude may be more likely take on the challenge of
learning new skills. They subsequently become exceptional tech uers compared to their
peers. In contrast, constraints measure whether people agree with statements such as
“What happens in my life is often beyond my control.” One might expect that constraints
should be negatively related to technology use among older adults, but the effect was null
from our study, perhaps because people can simultaneously have problems beyond their
control and have a positive attitude towards aspects of their life.

In addition, educational achievement is known to bolsters self-efficacy (Mirowsky, 1995;
Schieman, 2001) and vice versa (Talsma et al., 2018). Similar to the reciprocal effects
between cognition and technology use discussed above, many markers of successful
aging show bidirectional relationships, indicating that success breeds success – elite older
adults tend to be elite in many ways. It is not surprising that older adults who are highly
competent in technology use also showed better cognition, socioeconomics, and selfefficacy in this study.

Taken together, digital competency in old age is likely both a contributor and a
consequence of successful aging – a key skill that both reflects and enables an engaged
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lifestyle. To prepare individuals to become competent users of future technology, we
advocate that people take advantage of life-long learning opportunities at their local
colleges or online, which can provide the training and exposure to novel technology. In
turn, the successful mastery of useful technology may promote a sense of control, which
further motivates individuals to engage in activities associated with a high functioning
lifestyle.

This study is not without limitations. Our participants self-reported their level of
technology use, and self-reported measures may not be strongly aligned with objective
measures of technology use (Ellis et al., 2019). However, with the advent of screen time
reports delivered to all users, such iPhone’s automatic notifications of screen time
activities, people’s subjective estimates may improve in accuracy. Future studies should
replicate the study results using more objective measures, such as the screen time of
individual apps.
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CHAPTER 4: GENERAL DISCUSSION
This dissertation documented a significant digital divide that separated those who were
younger versus older. The potential drivers of the age-related digital divide were
examined across two studies. In Chapter 2, machine learning showed that age,
socioeconomics, and cognitive functions that decline with age were the most robust and
consistent predictors that distinguished Internet users from non-users in a representative
sample of older Americans. Results were consistent over a 14-year span – a period over
which digital innovations such as smartphone proliferated. While these results largely
supported theory-driven models of aging and technology use, our approach also yielded
novel findings. In particular, machine learning revealed new variables that had a strong
relationship with Internet use, such as alcohol use.

In Chapter 3, we expanded the outcome variable to include nine different domains of
novel technology use. A new scale of technology use was created and subsequently
validated to show good statistical properties. Results showed that elite older adults with
the highest level of technology use exhibited many markers of successful aging,
including higher levels of cognition, socioeconomics, and self-efficacy. Compared to
average users, elite users were early adopters of innovation and they perceived
technology to be more useful.

Importantly, these studies suggested that the skills needed to succeed at one level differed
slightly from the skills needed to succeed at the next level. At the lower level, fluid
intelligence, specifically short-term memory, long-term memory, and visuospatial skills,
may be the pre-requisite of digital technology adoption. The abilities to recall information
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and process visual information on a display are basic functions that support technology
use. At the elite level, the only cognitive factor that predicted higher levels of technology
use among older adults was short-term memory. A potential explanation is that as the
ease-of-use for online services improves, people will become less reliant on verbal, longterm memory. Instead of memorizing various digital commands, people only need to look
them up in times of need. This kind of quick, on-demand learning places more emphasis
on short-term memory, which was indeed a robust predictor of elite-level technology use,
as shown in Chapter 3.

Study results also suggested another difference in characteristics that separated elite users
from average users. While high self-efficacy was a predictor of elite levels of technology
use, it was not a predictor that distinguished average users from non-users. Since most
older adults today are Internet users (Pew Research, 2021b), it probably does not require
a strong sense of agency for individuals to become an average user of digital technology.
However, it takes a “can-do attitude” for people to achieve a high level of competency
that make them exceptional outliers compared to their peers. Indeed, participants in our
second study scored at ceiling in terms of technology proficiency, which is an exceptional
level of competency compared to the average, community-dwelling older adults (Roque
& Boot, 2018).

Collectively, these findings both bolster and expand on current models of technology and
aging. They also hold implications for interventions to enhance technology use among
older adults, indicating that individuals should actively expose themselves to new
technology at a younger age, when there are fewer barriers of entry, and when a
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foundation of technology use principles can be developed and built upon across
adulthood. This type of life-long learning may also have the added benefit of buffering
against cognitive declines.
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APPENDIX A: HRS CANDIDATE VARIABLES LIST
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Table S1 documented the list of candidate variables from HRS used for the study
analyses. The 2002 extended dataset contained 617 variables from various domains, such
as demographics and cognition. On the other hand, the 2016 extended dataset contained
553 variables. The section ID, section name, sample questions, and the count of the
variables are provided in Table S1.

To promote comparability across time, the common subset of candidate variables that
were available in both 2002 and 2016 entered the final analysis in the main manuscript.
This yielded a list of 319 variables. Analyses using the extended dataset of 617 and 553
candidate variables from 2002 and 2016 produced results consistent with the main
findings (see Appendix B).

Table S1. HRS candidate variables list
2002 ID

2016 ID

Section Name

Sample Question

2002
Extended
Dataset
96

2016
Extended
Dataset
36

Common
Variables

H

P

Interviewer
Observation

How would you describe
the
(Informant/Proxy/Respon
dent)'s vocabulary (the
variety of words used to
describe his/her
thoughts)?

HA

PA

Coverscreen

(Are you living in a
nursing home or other
health care facility?)/ (Is
[Respondent 1 Name]
living in a nursing home
or other health care
facility?)/IWER: IS R
LIVING IN A NURSING
HOME OR OTHER
HEALTH CARE
FACILITY?)

23

21

11

HB

PB

Demographics

Are you a citizen of the
United States?

12

12

3

62

24

HC

PC

Physical Health

Would you say your
health is excellent, very
good, good, fair, or poor?

71

111

63

HD

PD

Cognition

First, how would you rate
your memory at the
present time? Would you
say it is excellent, very
good, good, fair or poor?

39

45

27

HE

PE

Family
Structure

Are any of your children,
[or step-children,] [or
their [spouses/partners]]
in school? (Please do not
include grandchildren.)

15

15

7

HF

PF

Parents,
Siblings and
Transfers

(Please remind me ...)
Altogether, how many
grandchildren do you [or
your
[husband/wife/partner]]
[or your] [late
husband/late wife/late
partner] have?

16

4

3

HG

PG

Functional
Limitations and
Helpers

Please tell me whether
you have any difficulty
doing each of the
everyday activities that I
read to you. Exclude any
difficulties that you
expect to last less than
three months. Because of
a health problem do you
have any difficulty with
walking several blocks?
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52

51

HH

PH

Housing

Is your (house or
apartment/house/apartme
nt) in ([MAIN
RESIDENCE CITY]
[MAIN RESIDENCE
STATE])/Do you live in)
a mobile home, a one
family house, a two
family house (duplex), an
apartment, townhouse, or
what?

16

23

11

n/a

PI

Physical
Measures

This respondent is
eligible for these
measurements unless
noted otherwise:
− blood pressure
− hearing test
− breathing

0

1

0

63

−
−

−
−
−

−
−

−

hand strength
balance tests
(with [30/60]
second fulltandem)
walking test:
eligible if 65 or
older
height
weight: eligible
if weight is
under 300
pounds
waist
saliva: eligible if
saliva invalid
previous wave or
no saliva
collection
previous wave
blood spot
assays

HJ

PJ

Employment

Are you working now,
temporarily laid off,
unemployed and looking
for work, disabled and
unable to work, retired, a
homemaker, or what?

17

40

6

HL

n/a

Job History

For how many such
employers have you
worked?

1

0

0

n/a

PLBR

Leave Behind
Questionnaire

These first questions are
about the activities in
your life now. Please tell
us HOW OFTEN YOU
DO EACH ACTIVITY.
Do activities with
grandchildren,
nieces/nephews, or
neighborhood children?

0

3

0

HM

PM

Disability for
Reinterviews

Now I want to ask how
your health affects paid
work activities. Do you
have any impairment or
health problem that limits
the kind or amount of
paid work you can do?

7

0

0

HN

PN

Health Services
and Insurance

Are you currently covered
by Medicare health
insurance?

41

47

27

64

HP

PP

Expectations

Including property and
other valuables that you
might own, what are the
chances that you [and
your
[husband/wife/partner]]
will leave an inheritance
totaling $10,000 or more?

14

15

5

HQ

PQ

Assets and
Income

Did you [or your]
[husband/wife/partner]
receive any income last
month from Supplemental
Security Income, also
called SSI?

52

37

32

HR

PR

Asset Change

Since [PREV WAVE IW
MONTH], [PREV
WAVE IW YEAR]/Since
[PREV WAVE IW
YEAR]/In the last two
years), have you (or your
(husband/wife/partner))
bought or sold a home
that was your primary
residence or second
home?

3

0

0

HT

PT

Wills and Life
Insurance

Do you currently have a
will that is written and
witnessed?

8

12

8

HV

PV

Modules

Although we have
finished the interview, we
would like to ask you a
few new questions. Some
questions may be similar
to questions we have
already asked you, but the
researchers are interested
in how people respond
when the questions are
changed just a little.
Do you find it difficult to
organize tasks or
activities?

0

1

0

HW

PW

Event History,
Internet Use &
Social
Security*

Do you regularly use the
Internet (or the World
Wide Web) for sending
and receiving e-mail or
for any other purpose,
such as making
purchases, searching for
information, or making

4

3

3
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travel reservations?
HX

HX

Preload

Is NAME married or
living with a partner?
COUPLENESS STATUS
OF INDIVIDUAL

8

11

4

HY

HY

Time
Calculations,
Thumbnail

TOTAL TIME FOR
SELF-R COGNITION
SECTION

21

15

3

HZ

HZ

Preload

PREV WAVE MOTHER
LIVING WITH R

95

49

31

617

553

319

Total
* Social Security was added to this section in 2016.
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APPENDIX B: ANALYSES RESULTS USING THE EXTENDED
DATASETS FROM 2002 AND 2016
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Below are study results using the extended datasets from 2002 and 2016. The 2002
dataset contained 617 variables, and the 2016 dataset contained 553 variables. Compared
to the extended datasets, the common subset of candidate variables used for the final
analyses in the main manuscript contained only 319 variables. Surprisingly, this large
reduction in the number of candidate variables had little impact on machine learning
accuracy and AUC compared to the extended datasets (Table S2a).

Table S2a. Machine learning and benchmark logistic regression classification and fit for
the extended datasets
2002
2016
Accuracy AUC
Accuracy AUC
ML: Extended datasets
Lasso
.80
Ridge
.81
Elastic net
.80
Adaptive lasso
.80

.86
.86
.86
.86

.81
.80
.81
.80

.88
.88
.88
.88

Benchmark
Logistic
.74
.77
.72
.79
regression
Notes: ML = machine learning. AUC = area under the curve. “Extended datasets”
included 617 and 553 candidate variables for 2002 and 2016, respectively.
After training, machine learning models retained dozens to hundreds of predictors,
depending on the model. The primary results of interest were the top 10 predictors
identified by the machine learning models from 2002 and 2016 in Table S2b and Table
S2c. Descriptions for these variables are included below the tables.

Table S2b. Top 10 predictors of Internet use selected by penalized models in 2002
(extended dataset).
Lasso

Ridge

Elastic Net

Adaptive Lasso

1

Education

Education

Education

Education

2

Age

Age

Age

Age

3

Retirement

Count backwards

Retirement

Retirement account
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account

from 20

account

4

Immediate recall

Map use

Immediate recall

5

Hispanic/Latino

Delayed recall

6
7

Count backwards
from 20
Delayed recall
Vocabulary

Couple status
Volunteer work

8

Map use

Valid will

9

Restaurant
expense
Own stocks

Vocabulary

Social security
Count backwards
from 20
Medicare
coverage
Worked for pay

10

Count backwards
from 20
Map use
Immediate recall
Vocabulary
Delayed recall
Alcohol

Years outside US

Restaurant
Volunteer work
expense
Note: bolded variables were selected as the top 10 by all penalized models
Table S2c. Top 10 predictors of Internet use selected by penalized models in 2016
(extended dataset).
Lasso
Ridge
Elastic Net
Adaptive Lasso
1
2

# of percent
questions
Immediate recall

3

Map use

4
5
6

Number series
Worked for pay
Delayed recall

7

Checking
account
Own vehicle

8

Number series
Checking
account
Map use
Immediate recall
Age
Retirement
account
Delayed recall
Debts

# of percent
questions
Immediate recall

Number series

Worked for pay

Map use

Map use
Number series
Own vehicle

Checking account
Immediate recall
Retirement
account
# of percent
questions
Delayed recall

Inheritance

Age

Checking
account
9
Inheritance
Spanish
Age
Own vehicle
10
Retirement
Volunteer work
Retirement
Seen dentist
account
account
Note: bolded variables were selected as the top 10 by all penalized models

Immediate Recall. Immediate recall comes from the cognition section. It is a measure of
short-term memory (Fischer et al., 2014), a type of fluid intelligence. Participants were
read a list of 10 words (e.g. “book”). The number of words that could be immediately and
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correctly recalled was analyzed. Better immediate recall was predictive of Internet user
status.

Map Use. Map use comes from the functional limitation section. It reflects visual-spatial
skills. Participants were asked, “Because of a health or memory problem, do you have
any difficulty using a map to figure out how to get around in a strange place?” The
answers were yes, no, don’t do [this activity], can’t do [this activity]. Having no difficulty
was predictive of Internet user status.

Number Series. Quantitative number series comes from the cognition section. It is a
measure of numerical reasoning, a type of fluid intelligence (Fischer et al., 2014).
Participants were told, “I’m going to read you a series of numbers. There will be a blank
number in the series that I read to you. I would like you to write down the numbers from
left to right and then tell me what number goes in the blank based on the pattern of
numbers. 2 . . . 4 . . . 6 . . . BLANK.” The answer was a number. Answering “eight”
correctly was predictive of Internet user status.

Checking Account. This question comes from the assets, debts, and income section.
Participants were asked, “Do you have any checking or savings accounts or money
market funds?” Answering yes was predictive of Internet user status.
Retirement Account. This question comes from the assets, debts, and income section.
Participants were asked, “Do you currently have any money or assets that are held in an
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Individual Retirement Account, that is, in an IRA or KEOGH account?” Answering yes
was predictive of Internet user status.

# of Percent Questions. This variable tracks the number of 0-100 scale questions asked. It
comes from the expectations section and it is a type of metadata. Higher numbers of
percent questions asked were predictive of Internet user status. The meaning behind this
data may not be intuitive at first, but it actually aggregated information about age,
cognition, health, and socio-demographics.

Due to the survey design, younger participants were asked more percent questions. For
example, there were questions about what participants expect their life would be like after
they reach age 65, and those who were already past age 65 would be skipped. Also, if a
participant had more financial resources, such as owning a home, there were additional
questions that followed, such as whether they expect the home value would rise. Finally,
percent questions were skipped if participants could not answer for themselves without a
proxy. It had been found that compared to directly interviewed individuals, those who
were proxy interviewed tend to be older, less educated, and less healthy (Kelfve et al.,
2013). Also, percent questions were skipped if someone answered “don't know” or
“refused” to the first three continuous questions. This is an example of item non-response,
which had been linked to lower levels of cognition (Kassenboehmer et al., 2015).
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Worked for Pay. This variable comes from the assets, debts, and income section.
Participants were asked, “Did you do any work for pay last year, in [Last Calendar
Year]?” Having worked for pay was predictive of Internet user status.

Delayed Recall. Like immediate recall, delayed recall comes from the cognition section,
and it is a measure of long-term memory and a type of fluid intelligence. Participants
were read a list of 10 words (e.g. “book”). The number of words that could be correctly
recalled after a delay of about five minutes was analyzed. Better delayed recall was
predictive of Internet user status.

Own Vehicle. This variable comes from the assets, debts, and income section. Participants
were asked, “Do you own anything for transportation, like cars, trucks, a trailer, a motor
home, a boat, or an airplane?” Answering yes was predictive of Internet user status.

Inheritance. This question comes from the assets, debts, and income section. Participants
were asked “Think about an inheritance you [and your [husband/wife/partner]] might
leave, but not including any inheritance you might leave to each other. Including property
and other valuables that you might own, what are the chances that you [and your
[husband/wife/partner]] will leave an inheritance totaling $10,000 or more?” Answers
ranged from 0 to 100, with 0 meaning absolutely no chance and 100 meaning absolutely
certain. Higher chances were predictive of Internet user status.
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Age. Age was assessed in years and was part of the cover screen section. Younger age
was predictive of Internet user status.

Debts. This question comes from the assets, debts, and income section. Participants were
asked, “do you have any debts that we haven't asked about, such as credit card balances,
medical debts, life insurance policy loans, loans from relatives, and so forth?” Answering
yes was predictive of Internet user status.

Spanish. This variable comes from the interviewer observation section. It reflects “About
what percent, if any, of this interview was conducted in Spanish?” Answers were on a
five-point scale, with 1 meaning all in English and 5 meaning all in Spanish. Conducting
the interview all in Spanish was negatively related to Internet use.

Volunteer Work. This variable comes from the functional limitation section. Participants
were asked, “Have you spent any time in the past 12 months doing volunteer work for
religious, educational, health-related or other charitable organizations?” Answering yes
was predictive of Internet user status.

Seen Dentist. This variable comes from the healthcare utilization section. Participants
were asked, “In the last two years, have you seen a dentist for dental care, including
dentures?” Answering yes was predictive of Internet user status.
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APPENDIX C: WHAT OTHER DEVICES DID PARTICIPANTS
OWN?
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S3. Ownership of Internet-compatible devices (number of participants displayed)
Older Adults
Middle-aged Adults Younger Adults
Thermostat
25
2
2
(e.g. Heat/AC, Nest)
Solar Devices
2
0
0
Car Related
14
1
0
(e.g. Electric car, smart car
audio system)
Smart Lighting
16
3
1
(e.g. IOT Lighting, Hue
Lights, Smart Bulbs)
Smart Plugs
6
0
0
Security Cameras/Alarms
24
1
1
Smart Cameras
7
0
1
(e.g. Pet Cameras)
E-reader (e.g. Kindle)
21
2
1
Smart TV
(e.g. Amazon Roku, Fire
Stick, Blu-Ray)
Smart home entry
(e.g. Ring Doorbell, Smart
Garage Door Opener)
Printer/Scanner
Home Function/Appliances
(e.g. Smart Washer/Dryer,
Smart Oven, Alexa)
Exercise-Related
(e.g. Treadmill, Step
machine)
Medical-Related
(e.g. Smart Scales, Glucose
Trackers, Blood Pressure)
Laptop Accessory
(e.g. Webcam)
Wi-Fi-Related
(e.g. routers, repeaters)
Videogames
(e.g. PS4, Wii, VR)
GPS (e.g. Garmin)
Music/Radio
(e.g. Speakers, Headphones,
iPods)
Raspberry Pi
Digital frames
(e.g. Facebook Portal)

21

2

2

10

3

2

9
15

0
2

0
0

2

1

0

7

0

0

1

0

0

2

1

0

5

0

0

2
5

0
3

0
1

1
3

0
0

1
0
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Telescope
Amazon Key
Bedjet
Flip Phone
Baby Monitor

1
1
1
0
1

0
0
0
0
0
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0
0
0
1
0

APPENDIX D: IRB APPROVAL
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